Abstract-In this paper we investigated whether the geographical variation of lung cancer incidence can be predicted through examining the spatiotemporal trend of particulate matter air pollution levels. Regional trends of air pollution levels were analyzed by a novel shapelet-based time series analysis technique. First, we identified U.S. counties with reportedly high and low lung cancer incidence between 2008 and 2012 via the State Cancer Profiles provided by the National Cancer Institute. Then, we collected particulate matter exposure levels (PM 2.5 and PM 10 ) of the counties for the previous decade (1998-2007) via the AirData dataset provided by the Environmental Protection Agency. Using shapelet-based time series pattern mining, regional environmental exposure profiles were examined to identify frequently occurring sequential exposure patterns. Finally, a binary classifier was designed to predict whether a U.S. region is expected to experience high lung cancer incidence based on the region's PM 2.5 and PM 10 exposure the decade prior. The study confirmed the association between prolonged PM exposure and lung cancer risk. In addition, the study findings suggest that not only cumulative exposure levels but also the temporal variability of PM exposure influence lung cancer risk.
I. INTRODUCTION
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S. Xu is with the Information Systems Department, New Jersey Institute of Technology, Newark, NJ 07102 USA (e-mail: xus1@njit.edu) G. Tourassi is with the Oak Ridge National Laboratory, Oak Ridge, TN 37831 USA (phone: 865-576-4829; fax: 865-574-6275; e-mail: tourassig@ornl.gov). incidence is a difficult task because cancer is a long latency disease. To perform a case-control observational study of the effect of an environmental exposure factor on cancer risk, a researcher needs access to long-term records of environmental exposure for large number of subjects who developed clinically detectable cancer as well as exposure profiles of cancer-free subjects for careful comparison [2] .
In this study we investigated whether monitoring the temporal environmental exposure profile of a geographic region can predict an expected rise in cancer incidence. Therefore, instead of studying the exposure profiles of individual subjects, we propose to study the exposure profiles of geographical regions. As proof-of-concept, we use lung cancer risk and its association to prolonged exposure to particulate matter (PM). The objective of the study was to investigate if there exists correlation between the lung cancer incidence rate of a geographical region and its history of PM exposure. Two openly available data sources were used to perform the study. The first dataset was AirData provided from the U.S. Environmental Protection Agency (EPA) [3] . EPA monitors outdoor air quality across the United States since 1958 for various pollutants. The data is stored along with geographical information of the monitoring site, and date of measurement and sample duration, which enable us to derive aggregate measures of the air pollutants. The second information source was from the National Cancer Institute, namely the State Cancer Profiles dataset [4] , which provides surveillance statistics of various cancer types and profiles for U.S. states and counties. The NCI surveillance data include incidence, prevalence and mortality of cancers. This study focused on the cancer surveillance statistics for 2008-2012 to identify which U.S. counties suffered higher incidence of lung cancer.
The paper is organized as follows. Section II describes the air pollutants considered in this study and the time series analysis we applied based on shapelets [5] to identify temporal exposure patterns associated with significantly increased or decreased lung cancer incidence. The experimental design and analysis were done at the U.S. county level to identify geospatial exposure patterns that are expected to significantly impact future lung cancer incidence. Section III presents the study findings while Section IV provides discussion of the findings and future research directions.
II. METHODS
Association between an individual's exposure to airborne pollutants and respiratory diseases has been well established [6] . In this paper we pursue a population-level investigation of the association of geolocal trends of air pollution to
Predicting Lung Cancer Incidence from Air Pollution Exposures Using Shapelet-based Time Series Analysis
Hong-Jun Yoon, Songhua Xu, and Georgia Tourassi, Member, IEEE changes in the yearly incidence disease rate. Specifically we focus on lung cancer, a chronic disease well known to be associated with poor air quality.
A. Local Trends of Particulate Matter Levels
Particulate Matter (PM) is a complex mixture of suspended pollutants in a form of small particles and liquid droplets. EPA groups PM into two categories, mainly inhalable coarse particles smaller than 10 micrometers in diameter and fine particles smaller than 2.5 micrometers in diameter. The former is named PM 10 and the latter is known as PM 2.5 . Primary particles are emitted directly from a source, while secondary particles form indirectly with chemicals such as sulfur dioxides and nitrogen oxides emitted from fuel combustion. Coarse particles are made up of primary particles, while fine particles are made up from secondary particles. Small particles can get deep into the lungs which may cause health issues. The International Agency for Research on Cancer (IARC) has classified PM as Group I carcinogen [7] . EPA categorizes Air Quality Index (AQI) values according to PM levels, which suggests PM 10 In this study, we calculated monthly average PM exposure levels for all U.S. counties since 1982. The countylevel estimation was based on inverse distance weighted averaging of the monthly estimates of all monitoring sites within 50 miles of radius from the geolocation center of the specific county. If no monitoring site within the radius was found, the exposure level for the particular timeframe was considered unspecified.
B. Lung Cancer Incidence
Relative lung and bronchus cancer risks of U.S. counties were determined by observing the lung cancer incidence rates found in the State Cancer Profiles provided by the National Cancer Institute [4] . For this study, we used the data reported in the table of annual incidence rates (cases per 100,000 people per year) for the period between 2008 and 2012. Rates were age-adjusted by the 2000 U.S. standard population. Counties with lung cancer incidence rates higher than the national average, 63.7, plus the 95% confidence interval were considered high risk. Similarly, counties with lung cancer incidence rates lower than the national average, 63.7, minus the 95% confidence interval were considered low risk. Counties with lung cancer incidence within the 95% confidence interval of the national average were considered average risk.
PM exposure levels of the high risk counties as well as low risk counties were then collected. Monthly exposure data from 1998 to 2007 comprised the exposure profile for each county (i.e., 10 years x 12 mos/yr = 120 average exposure measurements). If no data were available to infer exposure in the desired time frame, the county was excluded from the study. There were 276 counties for which we were unable to infer PM 10 exposure and 194 counties for which we had no available data to infer PM 2.5 exposure. Figure 1 demonstrates an example of monthly average exposure of PM 10 Total and PM 2.5 obtained as described above. Note that there exist few discrepancies where PM 2.5 levels exceed PM 10 Totals, mainly due to the interpolation of missing data.
C. Time Series Analysis Using Shapelets
The objective of the study is to predict regional lung cancer risk at the U.S. county level by applying time series analysis of historical PM exposure levels. Overall, we performed the following step sequence. First, we performed frequent pattern mining of PM exposure time series to identify salient patterns associated with high lung cancer incidence. Then, we designed a classifier to predict lung cancer risk using these salient patterns.
There are several approaches to perform time series analysis, but for this study we adopted the shapelet-based time series mining. This is a comprehensive way to explore local shape similarity of time series data independent to phase, which provided self-interpretable characteristics to the time series data [5] .
For a given set of time series of length , there exists many subsequences of length , where ≤ , ≥ , and ≤ . Note that any subsequence with unspecified exposure levels is not considered as a shapelet. We then collect maximally informative shapelets from with respect to their level of support, which is the ratio of the time series that contains to the total number of time series. Presence of the shapelet in the time series is established if the minimum distance between the given shapelet and any subsequence of a time series is less than , where the distance measure is
. For a given training time series with truth label ( , ), binary feature vector ( ̅ , ) for time series classification based on frequent shapelets was composed where ̅ = ( 1 , 2 , ⋯ ) and is the size of , = 1 if ∈ and ⊆ , and = 0 otherwise for ∈ [1, ]. The training dataset is then fed to a Random Forest classifier implemented using the Weka software package [9] .
III. EXPERIMENTAL RESULTS
According to the State Cancer Profiles provided by the National Cancer Institute, there were 1,008 U.S. counties with significantly higher annual lung cancer incidence rates from year 2008 to 2012, and 348 counties with significantly lower annual lung cancer incidence rates for the same timeframe. Our experiment was designed to examine whether the shapelet-based features from the local air pollution exposure levels of the previous 10 years (1997-2007) could discriminate between high-and low-risk counties in terms of their lung cancer incidence rate reported by NCI for the period 2008-2012.
Some key statistics of the monthly average PM exposures are listed in Table I , which exhibits few differences of average exposures of PMs between the U.S. counties of the high and low risk groups. Classification of high and low risk counties based on average PM 10 exposures results in ROC area of 0.569, suggesting that average PM 10 exposure levels experienced in the U.S. are controlled well enough and lack predictive power. In contrast, classification accuracy based on average PM 2.5 exposures results in substantially higher ROC area of 0.729, suggesting that average PM 2.5 exposure levels experienced in the U.S. require further improvement. From Figure 1 , we note that within a geographical region there exist substantial monthly fluctuations which may be due to noise with the measurement / data collection process. To mitigate the effect of possible measurement noise while preserving seasonal change of air quality, we performed experiments with average exposures of 3-month and 6-month periods along with monthly average exposures. Optimal shapelets of the PM exposures were determined with and to capture 1 to 5 years of PM exposure trends, i.e., for monthly average exposures we set = 12 and = 60, and for 6-month average exposures we set = 2 and = 10. We selected = 50 shapelets based on their level of support. Oversampling was applied to the data of low risk counties to mitigate class imbalance. Then, a Random Forest classifier was developed using the 50 shapelets to discriminate between high and low lung cancer risk counties. 10-fold cross validation results are listed in Table II. The results in Table II demonstrate that both PM 10 and PM 2.5 -based shapelet features possess discrimination power. These results confirm the association between higher exposure to PM and higher risk of lung cancer. Note that the ROC areas of the shapelet-based classifiers are substantially higher than the ROC areas of classification based on average PM exposures. This finding demonstrates that the shapelet is an effective feature representation scheme.
Classification based upon 3-month and 6-month average exposures of both PM's provide better predictive power than using monthly average, with the 3-month average performing better than the other two methods for PM 10 and comparably to using 6-month average for PM 2.5 . These results suggest suppressing data collection noise while maintaining seasonal characteristics of PM exposures is an effective approach. Table III lists the 12 shapelets from the dataset of 3-month average PM exposures that represent strong association to high and low lung cancer risk. The first 6 shapelets listed are from analyzing the temporal PM 10 exposure profiles of the U.S. counties, while the remaining 6 are from analyzing the temporal PM 2.5 exposures. Shapelets of solid lines are the ones associated with high lung cancer risk, and those of dotted lines are associated with low lung cancer risk. Average exposures of PM and associated odds ratio to lung cancer risk are listed along.
A notable difference between the shapelets associated with high lung cancer risk and those associated with low lung cancer risk was observed. Namely, the shapelets associated with high lung cancer risk demonstrate higher fluctuation, while the low cancer risk shapelets demonstrate a relatively steady exposure pattern. This finding is consistent for both PM 10 and PM 2.5 exposures suggesting that not only the amount of exposure but also the temporal variation impact future cancer risk. 
IV. DISCUSSION
In this study, we proposed a method to predict whether a geographical region is expected to experience significantly elevated cancer incidence based on its environmental exposure profile during the prior decade. For proof of concept we used lung cancer and exposure to airborne particulate matter which is known to be carcinogenic. Our method leverages shapelet-based time series analysis of U.S. counties' local exposure to PM 10 and PM 2.5 . Overall, our study findings were the following.
 Experimental results confirmed that the prolonged high exposure of PM 10 and PM 2.5 adversely influences lung cancer risk.
 Analysis of individual shapelets suggests an association between high lung cancer risk and highly fluctuating PM exposures, and association of low lung cancer risk with steady PM exposures.
 Analysis of individual shapelets further suggests that high risk PM 2.5 shapelets are associated with higher PM 2.5 exposure levels than the low risk ones. In contrast, the high risk PM 10 shapelets exhibit marginal difference of exposure level from their lowrisk counterparts.
Obviously, PM is not the sole risk factor for lung cancer. To achieve better understanding and prediction of lung cancer or other types of cancer risk, it is strongly suggested to apply time series of multiple channels of various environmental, lifestyle, socio-economic and other factors that may be associated with cancer risk. The proposed method can be extended to accommodate additional factors.
In conclusion, the main advantage of the overall approach is its ability to discover carcinogenic factors leveraging publicly available aggregate data collected by cancer surveillance programs and other national programs. This is a cost-effective way for knowledge discovery in environmental cancer epidemiology to prioritize and guide the design of more precise but also more time-consuming patient-level observational studies.
